Abstract: Advanced parametric financial instruments, like weather index insurance (WII) and risk contingency credit (RCC), support disaster-risk management and reduction in the world's most disaster-prone regions. Simultaneously, satellite data that are capable of cross-checking rainfall estimates, the "standard dataset" to develop such financial safety nets, are gaining importance as complementary sources of information. This study concentrates on the analysis of satellite-derived multi-sensor soil moisture (ESA CCI, Version v04.2), the evapotranspiration-based Evaporative Stress Index (ESI), and CHIRPS (Climate Hazards Group InfraRed Precipitation with Station data) rainfall estimates in nine East African countries. Based on spatial correlation analysis, we found matching spatial/temporal patterns between all three datasets, with the highest correlation coefficient occurring between October and March. In large parts of Kenya, Ethiopia, and Somalia, we observed a lower (partly negative) correlation coefficient between June and August, which was likely caused by issues related to cloud cover and the volume scattering of microwaves in sandy, hot soils. Based on simple linear and logit regression analysis with annual, national maize yield estimates as the dependent variable, we found that, depending on the chosen period (averages per year, growing or harvesting months), there was added value (higher R-squared) if two or all three variables were combined. The ESI and soil moisture have the potential to close sensitive knowledge gaps between atmospheric moisture supply and the response of the land surface in operational parametric insurance projects. For the development and calibration of WII and RCC, this means that better proxies for historical and potential future drought impact can strengthen "drought narratives", resulting in a better match between calculated payouts/credit repayment levels and the actual needs of smallholder farmers.
Introduction
Approximately 2.5 billion full-or part-time smallholder farmers are managing the world's estimated 500 million farms [1] . In low-income countries, farmers often mention weather shocks as their greatest concern [2] . Extreme climate events can affect their agricultural production in two ways: directly, through biophysical impact on agricultural production, and indirectly, by affecting risk perception and related agricultural management decisions. Parametric insurance approaches and global partnerships like Insuresilience (https://www.insuresilience.org/) aim to cover 400 million vulnerable people in low-income countries. These programs try to complement progress in agricultural management with financial instruments [3] , encouraging farmers to invest in measures that better exploit their agricultural potential with the help of a financial safety net [4] . Ideally, these financial instruments also strengthen the disaster resilience of smallholder farmers, for instance through food reserves and access to loans or by lowering the barrier to invest in drought-resistant seeds. In this way, index insurance has the potential to contribute directly or indirectly to sustainable development by closing sensitive gaps in the existing climate risk-management portfolio [3] .
Traditionally, many agricultural insurance programs were based on in situ measurements of precipitation. However, weather-station data are not the most reliable source of information for designing index insurance programs on the African continent. Not only do they require regular maintenance, but, in many African countries, the density of weather stations is insufficient and the distribution uneven [5] . During the last decade, satellite-based estimation of moisture-related parameters, collectively capable of closing the critical gap between rainfall deficits and the response of the land surface, has reached a level of maturity that warrants integration into a host of applications [6, 7] . Different satellite-derived estimates of soil moisture and evapotranspiration (ET) are available as operational datasets. Soil moisture, for instance, has been used to validate or complement satellite-based rainfall estimates [8] . Since the basic mechanism of parametric drought insurance to trigger payouts is not linked to crop loss but to thresholds in variables representing critical moisture or vegetation health conditions during predefined windows in the agricultural season, weather insurance indices require input datasets that can robustly capture drought conditions both spatially and temporally.
This study concentrates on analyzing the performance of satellite-derived precipitation, soil moisture. and evapotranspiration in the context of WII and RCC, two approaches toward parametric insurance. Since there are already more than 50 different drought indicators and indices [9] , the overall objective is not to develop yet another, but to focus on three complementary tasks:
(1) to analyze the spatiotemporal correlation of satellite-derived precipitation, soil moisture, and evapotranspiration to better understand the connections between moisture deficits and the response of the land surface in nine East African countries (Burundi, Djibouti, Eritrea, Ethiopia, Kenya, Rwanda, Somalia, Uganda, and the United Republic of Tanzania); (2) to run regression analysis with reported maize yield as the dependent variable to statistically capture the relationship between the three satellite datasets and agricultural production; and (3) to foster the mutual understanding between Earth observation and the insurance community, which has so far been a major limitation for the adoption of Earth observation datasets in insurance programs [10] .
The guiding principle is that a more accurate representation of the hydrologic cycle beyond rainfall estimates can improve our characterization of the complex environmental root causes behind agricultural drought impacts. These root causes are centered on moisture deficits, which can be caused by insufficient (atmospheric) moisture supply, increased evapotranspiration, or both. From a remote-sensing perspective, this means that basis risk, defined as the mismatch between satellite data-driven parameterized insurance models and farmer requirements on the ground [9] [10] [11] , can be reduced if we manage to strengthen event-specific narratives with independent satellite-derived estimates such as soil moisture or evapotranspiration.
In Section 2, we discuss the specific role of satellite-derived soil moisture and evapotranspiration estimates for parametric insurance. Section 3 describes the region of interest with regard to land cover,
Role of Soil Moisture and Evapotranspiration for Parametric Insurance
Both WII and RCC try to increase the disaster resilience of vulnerable populations towards extreme climate events by decoupling payouts from expensive small-scale loss assessments, which is reflected in lower premiums paid by farmers and faster payouts in the case of WII. Premiums are paid either in cash or via alternative mechanisms like the insurance for assets scheme used by the R4 Rural Resilience Initiative (http://www1.wfp.org/r4-rural-resilience-initiative). WII payouts are usually linked to rainfall deficits [11] and/or proxies for vegetation health (e.g., the satellite-derived Normalized Difference Vegetation Index (NDVI)) during sensitive growing periods in the agricultural season. Starting at a predefined threshold value (the "trigger"), payouts increase linearly until the maximum payout (the "exit") is reached. RCC basically inverts this model ( Figure 1 ) to limit the risk of agricultural loan taking in drought-prone areas by establishing a parametric relationship between drought conditions and the obligation to return loans. Credit constraints are common among low-income farmers due to limited collateral, resulting in reduced access to seeds, fertilizer, etc. RCC tries to solve this problem by providing farmers with collateral-free loans [12] at relatively high interest rates to increase their productivity. More severe drought conditions result in partial offsetting of loan repayments, whereas the loan has to be repaid in full if no drought conditions were detected.
Satellite-derived soil moisture and evapotranspiration are relatively newly available remotely sensed variables. The hydrologic cycle causes a distinct feedback loop between rainfall and soil moisture, which is, by nature, very heterogeneous [13] . This feedback loop influences terrestrial water and energy cycles [14] . One main reason for this complexity is that the response of the atmosphere to changes in soil moisture is neither linear nor unidirectional [15] . Since more than half of the solar energy that is absorbed by the land surface is used to evaporate water [16] , soil moisture, land-surface temperature and evapotranspiration are intrinsically linked [17] . Simplified schematic illustration of weather index insurance (WII) (red) and risk contingency credit (RCC) (blue) concepts for agricultural drought. In the case of WII, the trigger represents the linear increase of payouts up to a predefined maximum payout (exit); In the case of RCC, the trigger represents a linear increase in the obligation to repay a loan up to a predefined maximum percentage. Simplified schematic illustration of weather index insurance (WII) (red) and risk contingency credit (RCC) (blue) concepts for agricultural drought. In the case of WII, the trigger represents the linear increase of payouts up to a predefined maximum payout (exit); In the case of RCC, the trigger represents a linear increase in the obligation to repay a loan up to a predefined maximum percentage.
Verstraeten et al. [18] state that "the proper assessment of evapotranspiration and soil-moisture content are fundamental to food-security research". Remotely sensed soil moisture and evapotranspiration datasets exhibit complementary strengths and weaknesses because their retrieval is based on Remote Sens. 2018, 10, 1819 4 of 24 different sensors, retrieval mechanisms, and algorithmic approaches. Microwave-based soil-moisture remote-sensing techniques struggle with obtaining valid retrievals under dense vegetation because measurements are not only sensitive to the dielectric properties of water molecules in the soil (used to estimate soil moisture), but also to characteristics related to surface roughness, vegetation cover, and topography [19, 20] . While high vegetation density is not problematic for the Evaporative Stress Index (ESI) [21] , thermal infrared-based evapotranspiration estimates used in the ESI are strongly affected by cloud cover [22, 23] . In contrast, microwave-based soil-moisture retrievals have all-sky capabilities.
By investigating factors influencing the performance and reliability of satellite-derived soil moisture and the ESI, as well as their agreement with reported maize yields, this study aims to pave the way for the next generation of satellite-based parametric insurance projects, moving beyond vegetation and precipitation indices to indicators more tightly tied to plant available moisture constraints. These projects rely on the cross-validation of different variables to increase confidence in the representation of drought conditions via satellite data [22] . Figure 2 illustrates the land-cover types in the region of interest based on the latest (2012) classification from NASA's Moderate Resolution Spectroradiometer (MCD12Q1), available via the Land Processes Distributed Active Archive Center (https://lpdaac.usgs.gov/dataset_discovery/ modis/modis_products_table/mcd12q1) at a spatial resolution of 500 meters [24] . The classification distinguishes 17 land-cover classes defined by the International Geosphere Biosphere Program (IGBP), including 11 natural vegetation classes, three developed and mosaicked land classes, and three nonvegetated land classes. Grassland, shrubland, and barren land dominate the eastern part of the study region (the lowlands of Eritrea, Djibouti, Somalia, Ethiopia, and Kenya). The west of the study region (Ethiopian highlands, western parts of Kenya, Uganda, Rwanda, Burundi, and Tanzania) is mainly characterized by cropland, tree cover, and grassland. Not all cropland areas are exclusively planted with maize, but maize is the dominant crop in the study region.
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Datasets and Methods
Satellite Data
In addition to precipitation and temperature, soil moisture is listed as one of three essential climate variables (ECV) that are considered in all nine social benefit areas, ranging from agriculture over climate to disasters and health [26] . Until recently, evapotranspiration was not explicitly mentioned as an ECV, but indirectly acknowledged due to its close relationship with temperature, and water use and availability. In 2018, both the Terrestrial Observation Panel for Climate (TOPC) and the Global Climate Observing System (GCOS) listed evaporation as an ECV and therefore a highpriority Earth-observation parameter (https://board.geo.tuwien.ac.at/discussion/137/ecvevaporation-from-land-sensible-heat-flux). Decrements of actual ET from potential values expected under well-watered conditions provide a metric of moisture deficiency and vegetative stress.
The analyses presented here use the multi-sensor soil-moisture dataset generated through the Climate Change Initiative of the European Space Agency (ESA CCI, Version v04.2) [26] [27] [28] . ESA CCI soil moisture is an offline dataset that is currently being transferred to an operational data service. ET-based drought indicators are becoming increasingly used as an early indicator of droughtinduced crop stress. In this study, we focus on ESI generated through the Atmosphere Land Exchange Inverse (ALEXI) surface energy balance model, in its current form driven by thermal infrared retrievals of land-surface temperature [29, 30] . The ESI describes anomalies in the ratio of actual to potential evapotranspiration, highlighting regions of lower-than-normal consumptive water use by crops and natural vegetation. Rainfall estimates are provided via the CHIRPS (Climate Hazards 
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The analyses presented here use the multi-sensor soil-moisture dataset generated through the Climate Change Initiative of the European Space Agency (ESA CCI, Version v04.2) [26] [27] [28] . ESA CCI soil moisture is an offline dataset that is currently being transferred to an operational data service. ET-based drought indicators are becoming increasingly used as an early indicator of drought-induced crop stress. In this study, we focus on ESI generated through the Atmosphere Land Exchange Inverse (ALEXI) surface energy balance model, in its current form driven by thermal infrared retrievals of land-surface temperature [29, 30] . The ESI describes anomalies in the ratio of actual to potential evapotranspiration, highlighting regions of lower-than-normal consumptive water use by crops and natural vegetation. Rainfall estimates are provided via the CHIRPS (Climate Hazards Group InfraRed Precipitation with Station data) dataset, a quasi-global rainfall dataset that is available from 1981 to the near present [31] .
Satellite-Derived Soil Moisture
The ESA CCI surface soil-moisture dataset combines retrievals from thirteen active (radar) and passive (radiometer) sensors to generate a daily surface soil-moisture product at a spatial resolution of 0.25 degrees (roughly 28 km at the equator) [32] . While the blending scheme of previous versions was based on the use of radiometers for areas with low vegetation density, radars for regions with high vegetation density and their combination for areas with high agreement (R > 0.65), Version v04.2 includes a weighted blending scheme [32] . Since Version v03.2, the blending considers the highest-quality observations available during a certain period. A weighted average of estimates from all sensors is used to generate the final global product, whereas the blending weight for each dataset is calculated daily as the reciprocal of its random error variance [33] . The random errors of the final global datasets are lower than those of individual input datasets. Retrievals over areas with very dense vegetation, such as tropical forests, are generally not considered, because neither sensor type performs satisfactorily. East Africa is dominated by soil-moisture estimates from radiometers.
One major advantage of soil-moisture retrievals via radars or microwave radiometers is that they are largely independent from weather conditions (e.g., cloud cover). However, there are other physical limitations, such as penetration depth, which limit the ESA CCI dataset to a representation of soil moisture in the top layer (few centimeters) of the soil [34, 35] . In addition, performance is degraded in regions of complex topography (e.g., mountainous terrain) and over frozen/snow-covered soils [36] . While soil-moisture retrieval algorithms have originally been applied to sensors designed for other purposes, they are now used to develop fully operational datasets and applied to dedicated soil-moisture sensors. The latest update of the ESA CCI soil-moisture dataset covers the years 1978-2016. It will be made available as an operational dataset with 10 daily updates in 2018. Compared to modeled soil moisture, the previous version of the ESA CCI dataset (V02.1) showed comparable wet and dry patterns, and particularly good results in Kenya [37] .
ESI
The ESI [29, 30] represents standardized anomalies in the ratio of actual-to-potential ET, (f RET = ET/RET), where ET is actual ET retrieved using the ALEXI two-source energy-balance algorithm [38] and RET is a reference ET computed using a Penman-Monteith formulation for grass [39] . Normalization by RET serves to minimize variability in ET due to seasonal variations in available energy and atmospheric demand, further refining focus on the soil-moisture signal. To highlight differences in moisture conditions between years, standardized anomalies in f RET are expressed as a pseudo z-score, normalized to a mean of zero and a standard deviation of one with respect to baseline fields describing "normal" (mean) conditions over the period of record. Extensive assessments of f RET and ESI in comparison with soil-moisture observations, standard drought indicators, and crop-yield datasets have shown the ability of land-surface temperature to act as a proxy for surface soil-moisture conditions and reflecting plant response to limiting soil-moisture availability [21, 23, [40] [41] [42] .
Here, the ESI within ALEXI is generated from twice-daily estimates of LST from MODIS Terra from 2000 to the present over Africa at a spatial resolution of 0.05 • using a time-differencing difference technique [43] . Satellite-based leaf area index (LAI) information needed by ALEXI for characterization of the vegetative canopy is taken from the NOAA LAI Climate Data Record [44] . Meteorological inputs including atmospheric profiles of potential temperature, specific humidity, and geopotential height and surface variables, such as air temperature, surface pressure, incoming solar radiation, and wind speed are taken from the Climate Forecast System Reanalysis [45] product. CFS-R provides data at three-hour analysis time steps with 1-6 forecasts in between analyses, effectively providing full three-dimensional atmospheric data at an hourly temporal resolution. The ALEXI model has been tested over East Africa and showed a high agreement with modelled soil-moisture datasets from the Noah land-surface model and the Land Parameter Retrieval Model (LPRM) [46, 47] . While the MODIS LST product includes a cloud flag, residual cloud contamination can add noise to the thermal retrievals of ET particularly during times of persistent cloud cover. An all-sky microwave-based LST product, using observations in the Ka band, is being integrated into the ALEXI modeling system to reduce the impact of cloud contamination in thermal retrievals [48] .
CHIRPS
The CHIRPS precipitation dataset merges satellite measurements with station observations to produce pentadal (five-daily) estimates of precipitation [31] at a spatial resolution of 0.05 • . CHIRPS relies on cold cloud duration (CCD) for rainfall estimation. A subset of available station data are used to generate a preliminary dataset with a timeliness of three days. However, the final product with all available station data is available in the middle of the following month. Different studies confirmed the adequate performance of CHIRPS at capturing both spatial and temporal variability in rainfall as measured by independent station data [49, 50] . CHIRPS has been optimized for drought-monitoring applications [31] . As typical for satellite-based rainfall estimates, retrieval issues (overestimation) have been identified in CHIRPS in high-lying complex terrain [51] , along with a general tendency to underestimate rainfall variance [31] . With regard to the performance of CHIRPS in East Africa, Kimani et al. [52] observed an overestimation of strong rainfall events during the MAM season, which is very likely associated with deep convective systems resulting in increased rainfall amounts. There are trends in maize data in East Africa. However, the underlying reasons are not only complex and potentially interrelated, but uncertain. Reasons range from policies affecting agricultural production to climate-attributable impacts and technological advancements. On the one hand, there are studies that predict a primarily negative impact of climate change on different crops, such as maize, in (East) Africa [54] . On the other hand, there is uncertainty as to what degree agricultural advancement can generally mitigate climate-change impact on agricultural production [55] .
Maize Yield Estimates and Agricultural Calendar
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Satellite Data Processing and Spatiotemporal Analyses
The main objective of spatiotemporal analysis, which analyzes both temporal and spatial effects on correlations, was to identify months or regions that show particularly high or low agreement between the satellite-derived soil moisture, and the ESI and CHIRPS datasets. In this way, it is possible to relate spatial (dis)agreement to known strengths and weaknesses in the satellite products. All three satellite products were resampled to the same 0.25 degree grid. While the soil-moisture data were already on a native 0.25 degree grid, the data points were not located at the same geolocations as the ESI data. Therefore, resampling of the soil-moisture dataset to the ESI grid was completed. The monthly 0.05 degree CHIRPS data was resampled to the 0.25 degree ESI grid by averaging the data over the larger grid. With the resampled data, the linear relationship between monthly soil moisture, ESI, and CHIRPS was quantified based on the Pearson's correlation coefficient for every 0.25 degree data point (spatial correlation map). For regression analysis, we applied a mask (Figure 2 ) to all three satellite products to focus exclusively on pixels that were classified as "cropland". From the masked data, national averages were then calculated.
Regression Analysis
Since maize yield data are available as annual estimates from FAOSTAT, regression analysis was carried out using annual as well as (sub)seasonal rainfall, soil moisture, and the ESI averages, masked for all land-cover classes except cropland. The first diagnosis is panel regression analysis with fixed effects, whereas the restriction to annual maize yield records makes it impossible to explicitly relate deficits in the first or second rainy season (in bimodal rainfall regimes) to changes in annual yield. By including country and year fixed effects in the model, we are controlling for any unobserved heterogeneity among countries that is constant over time. This approach aims to control for both initial differences in country-level characteristics that should not bias the estimators obtained in the regressions and time variations in yield. but is not applicable the log regression (i.e., not applicable to binary variables). However, it should be noted that conclusions about the added-value of individual or combined datasets for parametric insurance are primarily derived from relative changes in regression coefficients rather than absolute values.
Linear regression estimates the change in a dependent continuous variable given the variation of a continuous independent variable. In this case, we are estimating the impact of the three moisture-related variables on agricultural yield in the eight focus countries of this study. The ninth country, Djibouti, is missing due to lack of pixels classified as cropland in MODIS MCD12Q1. All regression analyses were carried out based on standardized monthly anomalies (Equation (1)) of precipitation, soil moisture, and the ESI to minimize the effect of different value ranges in the three datasets on the overall results.
where Z = standardized anomaly, X = monthly average, µ = mean, σ = standard deviation. The second diagnosis is a logit regression to estimate the impact of rainfall, soil moisture, and evaporative stress on extreme yield outcomes. The logit model estimates change in the probability of a binary outcome variable given the variation of a continuous independent variable. We generated a binary variable (Equation (2)) that reflects yield levels based on a ranking of yield data in each country.
where BadYear i,t is the newly created binary variable in country i in year t, and x t is the yield value in t. The three years with the lowest yield were set as 1, all others to 0. We chose three years to focus on the extremes, represented by the worst 19 percent of observations. This new binary "bad year" variable allows estimating the change in the probability of observing a bad year, given a variation in climate conditions as characterized by the three satellite variables (individual and combined). This kind of binary screening of good versus bad (most likely drought impact) years is more in line with the processes used to develop and calibrate insurance indices.
Results
Spatial Correlation Analysis
The results of the correlation analysis indicate both a temporal and a spatial pattern ( Figure 6 ). Overall, the correlation coefficient tends to be higher between October and March than in the summer months of the Northern Hemisphere for all correlated pairs. This pattern is very likely related to increased cloud cover in the summer months, which affects the interaction of space-based sensors with the land surface. The average correlation coefficient of ESI vs. soil moisture is slightly higher than CHIRPS vs. ESI (both around 0.4) and CHIRPS vs. SM (0.35). Our results indicate that all three satellite-derived datasets can generally be regarded as cascading sources of information, but neither in all countries, nor during all months. This is in line with other studies, which, based on ground stations and satellite datasets, suggest both positive and negative feedback loops between all three variables, but also positive correlations between evapotranspiration and soil moisture as well as evapotranspiration and rainfall in East Africa [14] . In the context of an operational parametric insurance project, correlation analysis would have to be carried out for the exact study region instead of using national averages.
Kenya, a country characterized by complex topography in the west and low-lying areas that are dominated by open shrublands in the east, is a positive example for relatively high correlation coefficients in all combinations of variables. Somalia, however, seems to be particularly challenging for all variables with low or even negative correlation results. Correlation results show very high variability that ranges from around zero in July to up to 0.7 (CHIRPS vs. ESI) in November. With regard to soil-moisture estimations in arid regions like Somalia, weaknesses in retrieval might be related to microwave backscatter from rock layers underneath sandy soils-an issue that is still being investigated [56] and a generally high sensitivity to changes in moisture levels, which are generally very low (climatological maximum <30% surface soil-moisture saturation). However, ESI and CHIRPS also seem to struggle with the retrieval processes in the arid zone, which reacts sensitively to changes in the moisture regime. A recent study from Dinku et al. [57] found high correlation coefficient (mostly >0.5) of CHIRPS and CHIRP (CHIRPS without station data) with other station data in East Africa, indicating a limited impact of in situ measurements. However, in areas and months in which our results indicate a low agreement with both soil moisture and the ESI (e.g., the arid zone during June/July-August), there are virtually no station data available for assimilation or validation. Figure A4 shows the correlation results for ESI vs. soil moisture with a one-month time lag considered for soil moisture. Figure A5 replicates the same correlation analysis, whereas lag is considered for the ESI.
As demonstrated in Figure A1 , particularly high agreement between ESI and soil moisture is observed during the short rains growing season in Kenya (January), during the planting period for the long rains in Kenya and Ethiopia (March), during the growing period in Ethiopia's cropland area (May), and during the Somali Der growing season (November, December). We found the lowest correlation coefficients in the low-lying, arid, and semiarid regions of Ethiopia, Kenya, and Somalia between June and August. One possible explanation for the low correlation coefficient during these months, which are characterized by the climatological maximum in cloud cover, might be poor cloud screening in the ESI. However, there are also regions in Ethiopia, Uganda, or Kenya that are generally more climatologically cloudy. Issues related to satellite-based estimation of surface soil moisture are primarily caused by subsurface scattering in dry hot soils. Figures A2 and A3 show a very similar pattern and the same low correlation coefficient during June and August. Particularly in June, the negative (around −0.5) correlation of ESI and soil moisture (Figure 1 ) at the border of Kenya, Somalia, and Ethiopia is substantially more pronounced (around −0.8) in the correlation coefficient of CHIRPS and ESI (Figure 2 ). However, in the face of multiple error sources (cloud cover, lack of ground stations, etc.), it is not possible to attribute low agreement to errors in a particular dataset, or weaknesses to its biophysical retrieval mechanism. Considering a lag for either soil moisture ( Figure  A4 ) or the ESI ( Figure A5 ) results in an overall lower correlation coefficient throughout most pixels and months. Figure A4 shows the correlation results for ESI vs. soil moisture with a one-month time lag considered for soil moisture. Figure A5 replicates the same correlation analysis, whereas lag is considered for the ESI.
As demonstrated in Figure A1 , particularly high agreement between ESI and soil moisture is observed during the short rains growing season in Kenya (January), during the planting period for the long rains in Kenya and Ethiopia (March), during the growing period in Ethiopia's cropland area (May), and during the Somali Der growing season (November, December). We found the lowest correlation coefficients in the low-lying, arid, and semiarid regions of Ethiopia, Kenya, and Somalia between June and August. One possible explanation for the low correlation coefficient during these months, which are characterized by the climatological maximum in cloud cover, might be poor cloud screening in the ESI. However, there are also regions in Ethiopia, Uganda, or Kenya that are generally more climatologically cloudy. Issues related to satellite-based estimation of surface soil moisture are primarily caused by subsurface scattering in dry hot soils. Figures A2 and A3 show a very similar pattern and the same low correlation coefficient during June and August. Particularly in June, the negative (around −0.5) correlation of ESI and soil moisture (Figure 1 ) at the border of Kenya, Somalia, and Ethiopia is substantially more pronounced (around −0.8) in the correlation coefficient of CHIRPS and ESI (Figure 2 ). However, in the face of multiple error sources (cloud cover, lack of ground stations, etc.), it is not possible to attribute low agreement to errors in a particular dataset, or weaknesses to its biophysical retrieval mechanism. Considering a lag for either soil moisture ( Figure A4 ) or the ESI ( Figure A5 ) results in an overall lower correlation coefficient throughout most pixels and months. Figure 7 illustrates the R-squared for all satellite-derived variables (and combinations) with annual maize yield as the dependent variable. We find that a combination of all variables ("all") or the combination of soil moisture and CHIRPS (during the growing months) leads to the highest R-squared. On average, we observe the highest R-squared for annual averages of CHIRPS, soil moisture, and ESI. The following sections provide in-depth analysis of regression coefficients based on an annual average of all satellite-derived variables (Section 5.2.1) and subseasonal averages that focus on the growing and harvesting months of maize (Section 5.2.2). Both sections include the results of regression analysis for the simple linear regression and the log regression model.
Regression Analysis
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Results Based on Annual Satellite-Derived Variables
Regression analysis with annual, national averages of satellite-derived rainfall, soil moisture, and the ESI as independent variables and annual yield estimates as the dependent variable (Table 1) results in a mostly positive regression coefficient reflecting the positive relationship between moisture supply and vegetation growth. If considered as isolated variables, soil moisture and ESI show a statistically significant regression coefficient, whereas soil moisture has the highest R-squared (0.425). Combining soil moisture with CHIRPS and/or the ESI results only in a slight increase in Rsquared (0.426 and 0.428). We find the highest R-squared when all variables are combined (0.430). All regression coefficients are expressed as standard deviations.
The logit regression with "bad years" as the dependent variable (Table 2 ) results in negative signs for all three variables, thereby reflecting the relationship between low yield, low moisture levels, and corresponding rates of evapotranspiration. However, only the regression coefficient for the ESI is statistically significant at a 1% level. Combining all variables does not result in a quantifiable added value regarding the pseudo R-squared (0.122). The pseudo R-squared cannot be interpreted as a percentage of variation explained, but is still a useful metric to identify the relative skill between different models. 
Regression analysis with annual, national averages of satellite-derived rainfall, soil moisture, and the ESI as independent variables and annual yield estimates as the dependent variable (Table 1 ) results in a mostly positive regression coefficient reflecting the positive relationship between moisture supply and vegetation growth. If considered as isolated variables, soil moisture and ESI show a statistically significant regression coefficient, whereas soil moisture has the highest R-squared (0.425). Combining soil moisture with CHIRPS and/or the ESI results only in a slight increase in R-squared (0.426 and 0.428). We find the highest R-squared when all variables are combined (0.430). All regression coefficients are expressed as standard deviations.
The logit regression with "bad years" as the dependent variable (Table 2 ) results in negative signs for all three variables, thereby reflecting the relationship between low yield, low moisture levels, and corresponding rates of evapotranspiration. However, only the regression coefficient for the ESI is statistically significant at a 1% level. Combining all variables does not result in a quantifiable added value regarding the pseudo R-squared (0.122). The pseudo R-squared cannot be interpreted as a percentage of variation explained, but is still a useful metric to identify the relative skill between different models. Table 1 . Results of the simple linear regression with fixed effects for standardized anomalies of rainfall (Column 1), soil moisture (Column 2), ESI (Column 3), soil moisture and ESI (Column 4), rainfall and soil moisture (Column 5), rainfall and ESI (Column 6), and all variables combined (Column 7); annual maize yield is the dependent variable: rows represent the regression coefficient for the three independent variables (rainfall, soil moisture, ESI), the regression constant, the number of observations, the R-squared, and the number of countries (8); asterisks mark statistically significant results.
Annual
DEP VARIABLE
Maize Yield Standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1. Table 2 . Logit regression results for standardized anomalies of rainfall (Column 1), soil moisture (Column 2), ESI (Column 3), soil moisture and ESI (Column 4), rainfall and soil moisture (Column 5), rainfall and ESI (Column 6) and all variables combined (Column 7); "bad years" are the dependent variable; rows represent the regression coefficient for the three independent variables (rainfall, soil moisture, ESI), the regression constant, the number of observations, the pseudo R-squared, and the number of countries (8); asterisks mark statistically significant results.
Annual
DEP VARIABLE
Bad Year Standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.
Results Based on (Sub)seasonal Satellite-Derived Estimates
The regression coefficient for soil moisture is positive and statistically significant (3.24) when observed as an isolated variable during the growing months (Table 3 ). In the case of CHIRPS, the regression coefficient is only statistically significant if combined with either soil moisture, ESI, or both. The regression coefficient for the ESI is lower if observed as an isolated variable (609.4) than if combined with CHIRPS (significant at the 10% level). We find the highest R-squared if CHIRPS and soil moisture or all three variables are combined (both 0.44), indicating the potential added value of combining at least two variables in an operational index insurance environment. However, as in the spatial analysis (Section 5.1), neither national satellite-derived estimations, nor national (annual) yield estimates would operationally be used for calibration and validation.
The logit regression results in Table 4 only show statistically significant results (1% level) for the ESI, and the highest pseudo R-squared as an isolated variable (0.052). The regression coefficient stays relatively constant if the ESI is observed as an isolated variable (−0.57), if it is combined with soil moisture (−0.56), with CHIRPS (−0.58), or both other variables (−0.56). If isolated, CHIRPS and soil moisture show the correct sign, but do not have statistically significant regression coefficients (−0.03 and −0.17). Additionally, CHIRPS changes the sign if combined with soil moisture or the ESI. In conclusion, we found the highest pseudo R-squared if all variables were combined (0.06). Table 3 . Results of the simple linear regression with fixed effects focusing on maize-growing months for standardized anomalies of rainfall (Column 1), soil moisture (Column 2), ESI (Column 3), soil moisture and ESI (Column 4), rainfall and soil moisture (Column 5), rainfall and ESI (Column 6), and all variables combined (Column 7); annual maize yield is the dependent variable; rows represent the regression coefficient for the three independent variables (rainfall, soil moisture, ESI), the regression constant, the number of observations, the R-squared, and the number of countries (8); asterisks mark statistically significant results.
Growing Season DEP VARIABLE
Maize Yield Standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1. Table 4 . Logit regression results focusing on maize-growing months for rainfall (Column 1), soil moisture (Column 2), ESI (Column 3), soil moisture and ESI (Column 4), rainfall and soil moisture (Column 5), rainfall and ESI (Column 6), and all variables combined (Column 7); "bad years" are the dependent variable; rows represent the regression coefficient for the three independent variables (rainfall, soil moisture, ESI), the regression constant, the number of observations, the pseudo R-squared, and the number of countries (8) Standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.
The simple linear regression model that concentrates on the harvesting months (Table 5) in all regions of interest shows the expected (positive) signs for soil moisture and the ESI, but not for CHIRPS (only if isolated). However, only the ESI remains statistically significant if considered an isolated variable, combined with soil moisture or CHIRPS. The regression coefficient of soil moisture is statistically significant if isolated or combined with CHIRPS. We found the highest R-squared if all variables were combined (0.41), whereas CHIRPS adds very little to the performance of the model.
In the logit regression that focuses on the harvesting months (Table 6) we only found statistically significant results for the ESI at the p<0.01 level. However, the ESI stays statistically significant in all possible combinations. Again, we found the highest pseudo R-squared if all variables were combined (0.14), whereas precipitation and soil moisture add very little to the performance of the model. Table 5 . Results of the simple linear regression with fixed effects focusing on maize-harvesting months for standardized anomalies of rainfall (Column 1), soil moisture (Column 2), ESI (Column 3), soil moisture and ESI (Column 4), rainfall and soil moisture (Column 5), rainfall and ESI (Column 6) and all variables combined (Column 7); annual maize yield is the dependent variable; rows represent the regression coefficient for the three independent variables (rainfall, soil moisture, ESI), the regression constant, the number of observations, the R-squared, and the number of countries (8) Standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1. Table 6 . Logit regression results focusing on maize-harvesting months for rainfall (Column 1), soil moisture (Column 2), ESI (Column 3), soil moisture and ESI (Column 4), rainfall and soil moisture (Column 5), rainfall and ESI (Column 6) and all variables combined (Column 7); "bad years" are the dependent variable; rows represent the regression coefficient for the three independent variables (rainfall, soil moisture, ESI), the regression constant, the number of observations, the pseudo R-squared and the number of countries (8) Standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.
Summary and Conclusions
Satellite-based financial instruments have the potential to complement traditional disaster-risk management and reduction strategies applied by smallholder farmers around the world. WII and RCC rely heavily on satellite data due to their capability of providing objective, harmonized estimates on a continental or global scale. One of the main challenges is to develop and calibrate indices that serve as a proxy for potential agricultural loss, because the expenses for actual loss assessments on many small farms tend to be reflected in higher insurance premiums. If farmers without financial safety nets are hit by extreme weather events and have to cope with reduced yields, they are not only struggling with basic questions related to food insecurity, but also with increased financial pressure due to preceding investments. Therefore, the overall goal of index insurance is to provide smallholder farmers with a complementary financial safety net that "buffers" their risk of being unable to repay loans or additional agricultural investments (e.g., drought-resistant seeds or fertilizer), which ideally increase their agricultural production, income, and disaster resilience over time.
In the case of agricultural drought, any information that can close the knowledge gap between rainfall deficits and the response of the land surface is valuable if it provides an added value for index development. A better agreement of satellite-derived variables and drought impact can strengthen the calibration of index parameters and, therefore, also contribute to decreasing basis risk. There is a multitude of drought indices with varying complexities that rely on in situ, satellite-derived or -modeled variables [9] . This study does not aim to develop yet another drought index, but to analyze the agreement and added value of two relatively new satellite-derived datasets to complement satellite-derived rainfall estimates being the most widely used variable for index development. These new datasets are satellite-derived soil moisture and ESI.
Previous versions of the ESI, which is already operationally produced, and ESA CCI soil moisture that will soon be available as an operational dataset within the Copernicus Climate Change Service [8] , have shown good agreement with (lagged) vegetation greenness in East Africa [22] . Our monthly spatial correlation analysis is performed with and without a one-month lag for estimates of rainfall, soil moisture, and ESI. In line with the first objective of this study, we found the highest agreement for most of the nine East African countries considered in this study if no lag is considered and between October and March, even over complex topography like the Ethiopian highlands. Most pixels with a low or negative correlation coefficient are found in the low-lying, (semi)arid regions of Ethiopia, Kenya, and Somalia between June and September for all correlation pairs. We attribute the variables' disagreement partly to the region's sensitivity towards changes in moisture supply and the resulting land-surface response. In addition, there are known retrieval issues of the advanced scatterometer (ASCAT), which is used in the ESA CCI dataset, in extremely dry areas [56] . However, in East Africa the weight of the ESI CCI dataset is put on soil-moisture estimations from radiometers [32] , whose retrieval is less affected by dry sandy soils than by vegetation density. In addition, a previous versions of the ESA CCI dataset showed high agreement with modeled soil moisture in East Africa [37] . Because the ESI is largely driven by thermal-infrared-based land-surface temperature, temporal sampling and cloud contamination are an issue that can increase uncertainty, especially during the climatological peak in cloud cover when fewer clear-sky retrievals are available or inadequate cloud screening introduces poor retrievals into the analysis. We found high variability in correlation coefficients per country and months, with the highest range in Somalia (slightly negative to 0.7). Overall, the correlation coefficient for ESI and soil moisture is comparable to ESI and CHIRPS (both around 0.4), whereas the average correlation coefficient for CHIRPS and soil moisture is slightly lower (0.35).
In line with the second objective of this study, regression analysis was based on standardized precipitation, soil moisture, and ESI anomalies, and carried out for pixels that classify as "cropland" on an annual and subseasonal scale. Annual national maize yield estimates from FAOSTAT were used as the dependent variable, whereas one possible limitation was that maize is not necessarily the dominant plant in every pixel classified as cropland. We ran a simple linear regression with fixed effects for countries and years, as well as a logit regression model focusing on the three years with the lowest yield (lowest 19 percent) to generate a binary variable. The annual averages of satellite soil moisture and the ESI demonstrate statistically significant results if isolated in the regression analysis, whereas soil moisture showed the highest individual R-squared. Combining all variable results did not result in a higher R-squared than soil moisture alone or soil moisture combined with ESI or CHIRPS. The regression results for variables averaged over the maize-growing months only showed statistically significant results for soil moisture as an isolated variable. However, we found the highest R-squared when all variables were combined or for the combination of soil moisture and CHIRPS. While soil moisture also showed statistically significant results as an isolated variable, the ESI dominated in the linear regression model during the harvesting months, indicating the best fit in explaining yields. Combining all variables resulted in the highest R-squared (0.41). In the log regression model, we found the best performance if all variables were combined during the growing and harvesting months. Regarding the log-regression model based on annual averages, combining all variables also resulted in the highest pseudo R-squared, but any other combination that included the ESI performed equally well.
The interpretation of these results for the development and calibration of WII or RCC is not straightforward. Our findings indicate that, depending on the location and the insurance window within the agricultural season, there is an added value in independent satellite-derived estimates of soil moisture and evaporative stress to complement rainfall estimates. In an operational setting, this could, for instance, mean the cross-checking of daily or ten-daily caps, which are used to limit the impact of isolate severe rainfall that has little added value for agricultural production, but tends to reduce payouts (WII) or increase the obligation to repay loans (RCC).
Other studies [22] indicated a high correlation coefficient of satellite rainfall, soil moisture, and the ESI with vegetation greenness (NDVI) in East Africa. However, the NDVI per se is only a proxy for vegetation health and cannot be directly interpreted as a yield indicator [58] . Hence, our results directly relate all variables to agricultural production, whereas the fact that maize-yield data were only available as annual averages on national scale from FAOSTAT and other factors than weather anomalies might affect agricultural production and, therefore, the regression results. A promising next step would be to replicate the regression analysis with maize-yield data at higher spatial and temporal granularity, and to identify which factors historically affected maize yields in addition to a moisture deficit or surplus (e.g., pests, new seed varieties, social conflict). However, in many African countries, reliable yield data are hard to access, costly, or do not exist.
In the context of WII and RCC, we recommend the consideration of satellite-derived rainfall, soil moisture, evaporative stress, and additional variables related to vegetation greenness/health/growth as inter-related, cascading sources of information whose agreement can be used to strengthen the "drought narrative". The skill of satellite data will continue to improve, but data providers need to be aware that the choice of datasets for parametric insurance not only depend on data quality, but pricing, accessibility, guaranteed continuity and the interpretability of location-and time-specific strengths and weaknesses. Understanding satellite characteristics for the design of insurance indices is one of the most crucial prerequisites. As outlined in the introduction (third objective), this study tries to foster the mutual understanding and co-operation of Earth observation and the insurance industry. It contributes to the knowledge that forms the basis for operational insurance projects at the International Research Institute for Climate and Society (IRI), which cover tens of thousands of farmers on the African continent.
Finally, satellite data cannot directly measure human behavior and risk perception guiding agricultural management. Therefore, the developers of parametric financial instruments need to understand the biophysical and algorithmic limitations of satellite data along with socioeconomic and behavioral information gathered from smallholder farmers via participative processes or other mechanisms.
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